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Sleep Stages Classification with Audio

• During sleep (in contrast to wakefulness) there is an increase of upper 
airway resistance due to decreased activity of the pharyngeal dilator 
muscles, which is reflected by amplification of air-pressure 
oscillations during breathing. These air-pressure oscillations are 
perceived as breathing sounds during sleep.
• REM (rapid-eye movement), N(on)REM, and wakefulness are 

associated with lack of, some, and considerable body movement.
• Breathing pattern is more periodic and consistent in deep NREM 

sleep compared to REM and wakefulness

Dafna, E., Tarasiuk, A. & Zigel, Y. Sleep staging using nocturnal sound analysis. Sci Rep 8, 13474 (2018).



Audio

• Microphone on the bed: (Edirol R-4 pro, Bellingham, WA, USA) with a 
directional microphone (RØDE, NTG-1, Silverwater, NSW, Australia) 
was placed at a distance of one meter above the subject’s head and 
used for acquiring the audio signals.
• Polisomnography (PSG) for ground truth
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Within Breathing Features

• During sleep, airways resistance is higher than during wakefulness, 
hence breathing efforts become greater, which translates into several 
factors including louder breathing sounds, prolonged breathing 
duration, and different vocal sounds (snores).

count importance



Between Breathing Features

• Alternations in ventilation may affect fundamental respiration factors 
such as respiratory cycle period, respiratory duty cycle, and 
respiration consistency, and can be measured using sound analysis. 
These respiration factors are most likely to have more substantial 
variability during REM as opposed to NREM.



Body Movement Features

• Wakefulness is accompanied by relatively greater body movement, 
compared to NREM, while during REM sleep body movement should 
be absent by definition. 



Real time Classification



Results

One Subject
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Coronary Heart Disease and Voice

• In Coronary Heart Disease, plaque builds in arteries (which carry 
oxygen to the heart) and restricts flow.

• These changes can induce respiration changes, irregular breathing 
and increased muscle tension in the vocal tract.

• Participant’s voice while sustaining vowels was analyzed.



Feature: Average Fundamental Frequency

• Fundamental frequency (FF) is the rate of vocal fold vibration
• FF: lowest frequency of a periodic waveform.  

• Average all the extracted fundamental frequencies period by period.

Figure from 
https://wiki.aalto.fi/pages/viewpage.action?pageId=149890776



Jitter and Shimmer

• Amount of variation in period length and amplitude are known 
respectively as jitter and shimmer.
• They are perceived as roughness, breathiness, or hoarseness in a 

speaker’s voice. 

Figure from https://wiki.aalto.fi/display/ITSP/Jitter+and+shimmer



Features: Absolute Jitter
• Absolute Jitter is the period to period variability of the pitch period
• Jitter in essence measures the changes in distance between peaks

Feature: Shimmer
• Measures the differences between amplitudes of the max peaks in 

periods



Results (male group)



Parkinson’s

• Parkinson's disease is a brain disorder that leads to shaking, stiffness, 
and difficulty with walking, balance, and coordination.
• Hypokinetic dysarthria (HD) occurs in 90% of Parkinson’s disease (PD) 

patients.
• HD is characterized by rigidity, bradykinesia, and reduced muscular 

control of the larynx, articulatory organs, and other physiological 
support mechanisms of human speech production. The following 
speech flaws have been observed: increased acoustic noise, reduced 
intensity of voice, harsh and breathy voice quality, increased voice 
nasality, monopitch, monoloudness, and speech rate disturbances.



Parkinson’s diagnosis via voice: 
Shimmer works

Z. Smekal, J. Mekyska, Z. Galaz, Z. Mzourek, I. Rektorova and M. Faundez-Zanuy, "Analysis of 
phonation in patients with Parkinson's disease using empirical mode decomposition," 2015 
International Symposium on Signals, Circuits and Systems (ISSCS), 2015



OpenSmile Toolkit and Features



Heart Auscultation

Trainee doctors from USA, UK, and Canada could only 
diagnose the heart pathology correctly in 23% of cases [1]
[1] S. Mangione, “Cardiac auscultatory skills of physicians-in-training: a comparison of 
three English- speaking countries,” Am. J. Med., vol. 110, no. 3, pp. 210–216, Feb. 
2001.

One heartbeat consists of two sounds, commonly 
known as: “Lub” and “Dub”.

“Lub” = turbulence from closure of mitral and 
tricuspid valves
“Dub” = turbulence from closure of aortic and 
pulmonic valves



Hear Pathology Diagnosis through Audio Data



Alignment of ECG and Audio

PCG

ECG



FFT of S1 and S2 components

Figure from Debbal, S & bereksi reguig, Fethi. (2008). Frequency analysis of the heartbeat sounds. 
IJBSCHS. 13. 85-90.



Shannon Energy based Envelope Calculation

P. Sharma, S. Saha, S. Kumari (2018); Study and Design of a Shannon-
Energy-Envelope based Phonocardiogram Peak Spacing Analysis for 
Estimating Arrhythmic Heart-Beat; Int J Sci Res Publ 4(9)



Shannon Energy based 
Peak Detection

Chakir, Fatima et al. “Phonocardiogram signals processing approach 
for PASCAL Classifying Heart Sounds Challenge.” Signal, Image and 
Video Processing 12 (2018): 1149-1155.

• Rejection of extra peak is dataset 
dependent and based on peaks per 
time interval and their distance.



Features…

[and KNN classifier]



Confusion Matrix of Classification



More general audio features

E. Bondareva, J. Han, W. Bradlow, C. Mascolo.  Segmentation-free 
Heart Pathology Detection Using Deep Learning. In Procs of Int. 
Conf. of the IEEE Engineering in Medicine and Biology Society. 2021.



Deep Learning Pipeline

• Of the 6K features:
• Principal Component Analysis used to reduce features to ~500 feature vector

• A deep learning fully connected network is used (6 layers)

E. Bondareva, J. Han, W. Bradlow, C. Mascolo.  Segmentation-free 
Heart Pathology Detection Using Deep Learning. In Procs of Int. 
Conf. of the IEEE Engineering in Medicine and Biology Society. 2021.



Deep Learning

• Often generate vectors/matrices of features as input
• Construct a DNN architecture able to solve the task



Self Supervised and Transfer Learning

• Like for HAR, pretraining, self supervised and transfer learning are 
useful in audio analysis. Example of application of pretrained model:



COVID-19 Detection: 
pretrained audio model example



Questions


